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Available online 23 June 2016AbstractRealistic hydrological response is sensitive to the spatial variability of landscape properties. For a grid-based distributed rainfall-runoff model
with a hypothesis of a uniform grid, the high-frequency information within a grid cell will be gradually lost as the resolution of the digital
elevation model (DEM) grows coarser. Therefore, the performance of a hydrological model is usually scale-dependent. This study used the Grid-
Xinanjiang (GXAJ) model as an example to investigate the effects of subgrid variability on hydrological response at different scales. With the
aim of producing a more reasonable hydrological response and spatial description of the landscape properties, a new distributed rainfall-runoff
model integrating the subgrid variability (the GXAJSV model) was developed. In this model, the topographic index is used as an auxiliary
variable correlated with the soil storage capacity. The incomplete beta distribution is suggested for simulating the probability distribution of the
soil storage capacity within the raster grid. The Yaogu Basin in China was selected for model calibration and validation at different spatial scales.
Results demonstrated that the proposed model can effectively eliminate the scale dependence of the GXAJ model and produce a more reasonable
hydrological response.
© 2016 Hohai University. Production and hosting by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://
creativecommons.org/licenses/by-nc-nd/4.0/).
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The advancement of geographic information system (GIS)
and remote sensing (RS) in the last few decades has provided
abundant spatial and temporal data for distributed rainfall-
runoff modeling, such as the distribution of topography,
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creativecommons.org/licenses/by-nc-nd/4.0/).research suggests that with these data, distributed modeling
approaches may not always provide improved simulations
when compared to lumped conceptual models (Reed et al.,
2004; Smith et al., 2004). In addition, the performance of
a model can vary with the selected grid resolution. Part of the
dilemma results from the uncertainty of model structure,
parameter, and measurement. Another aspect is that the
nonlinear hydrological processes are essentially sensitive to
the spatial variability (Winchell et al., 1998; Smith et al.,
2004). Most distributed rainfall-runoff models adopt the
hypothesis of a uniform grid: the variability of the subgrid is
ignored, and the variables and parameters are supposed to be
constant within a grid cell. On the one hand, for most areas,
information regarding heterogeneity at a small scale (less
than 1000 m) is not monitored. On the other hand, even if the
data are available, the model is also limited by the efficiencyThis is an open access article under the CC BY-NC-ND license (http://
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model. The issues of how the variability of the hydrological
variables (such as precipitation, infiltration, and evaporation)
or hydrological parameters (such as hydraulic conductivity
and roughness) at different spatial and temporal scales im-
pacts the hydrological responses have been investigated by a
number of researchers. For example, Singh (1997) surveyed
the hydrological literature on the effect of spatial and tem-
poral variability of hydrological factors on the stream flow
hydrograph, and pointed out that the hydrological response is
closely linked with storm dynamics. Bell and Moore (2000)
investigated the sensitivity of catchment runoff models to
rainfall using data from a dense rain gauge network and
weather radar. Brocca et al. (2012) employed a statistical and
temporal stability analysis to assess the spatial and temporal
variability of the soil moisture at local and catchment scales.
All these studies came to a conclusion that the sensitivity of
a rainfall-runoff model to spatial and temporal variability is
scale-dependent (Younger et al., 2009).
Different spatial modeling scales usually lead to different
effective model parameters and hydrological responses. The
issue is inherently linked with nonlinearity and heterogeneity
of hydrological processes (Beven, 2001). Under the hypothesis
of a uniform grid, high-frequency information will be lost
because the large sampling dimensions of the grids act as a
filter (Band and Moore, 1995; Kavvas, 1999). Therefore, a
reasonable discrete scale is critical for modeling the hydro-
logical response. Wood et al. (1988) defined the hydrological
response area as an areal element where the hydrological
properties are not significantly different if a smaller scale of
discretization is used. Kouwen et al. (1993) and Pietroniro and
Soulis (2003) proposed the concept of grouped response units
(GRUs) to group all the areas with a similar land cover type,
and then summed the runoff from different groups of GRUs
together and routed that amount of runoff to the river. A
downscaling method is an alternative used to represent the
subgrid variability. For example, Koster and Suarez (1999)
depicted the general circulation model (GCM) grid square as
a mosaic of vegetation tiles, with each tile consisting of a
single vegetation type but without considering the physical
location of each tile in the grid. Hahmann (2003) explicitly
represented the spatial heterogeneities of the land surface with
a subgrid imposed on each atmospheric grid. Famiglietti and
Wood (1994) utilized a statistical-dynamical approach to
simplify the large-scale modeling problem and aggregated the
soil-vegetation-atmosphere transfer scheme (SVATS) to the
macroscale. Moore (1985, 2007) also highlighted the role of
the probability distributed approach as a formulating principle
in the development of rainfall-runoff model.
For the water cycle at a catchment scale, the distribution of
soil moisture is a key control factor in partitioning the pre-
cipitation into evapotranspiration, surface runoff, interflow,
and groundwater runoff (Wilson et al., 2005). The main
feature of the Xinanjiang model, a widely used conceptual
rainfall-runoff model for flood forecasting and simulation in
humid and semi-humid regions of China, is that it adopts a
power function to represent the variability of the soil storagecapacity, WM, over a catchment (Zhao et al., 1995). This
function has also been adopted by other hydrological models,
e.g., the variable infiltration capacity (VIC) model (Liang
et al., 1996), the ARNO model (Todini, 1996), the probabil-
ity distributed model (PDM) (Moore, 2007), and the grid-to-
grid (G2G) model (Moore et al., 2006). With the power
function of WM, an analytical solution for the runoff genera-
tion can be obtained. However, this function lacks a theoretical
basis. In the GXAJ model, a modified version of the Xinan-
jiang model, WM is derived from the soil texture and vege-
tation type (Liu et al., 2009; Yao et al., 2009), but is not easy to
obtain at a fine resolution. In the G2G model, soil property
data are used to determine WM at the model grid scale and a
power function with terrain-slope dependence is used to
represent its subgrid variability.
In this study we focused on the analysis of the spatial
variability of WM at different spatial scales and its effect on
the hydrological response. The GXAJ model was used to
simulate the hydrological processes and assess the effects of
the uniform grid on the catchment hydrological response. The
GXAJSV model was developed with a subgrid parameteriza-
tion scheme incorporated into the GXAJ model, aiming at
partly eliminating the effect of scale on runoff generation. An
attempt was made to construct the relationship between WM
and the topographic index, TI. The proposed model was
applied in the Yaogu Basin in China. The comparisons of the
GXAJSV model with the GXAJ model are expected to provide
further understanding of the effects of the subgrid variability
on the hydrological response.
2. Model description
In this study, we adopted a similar model structure to the
GXAJ model. For each grid, the main routines included
evapotranspiration, runoff generation, and flow routing.
Here, only a brief outline of evapotranspiration and flow
routing is given. We mainly focus on the modeling of the
runoff generation, taking account of the subgrid variability
of WM.2.1. EvapotranspirationFor each grid cell, the soil profile is divided into three
layers: the upper, lower, and deeper layers. The layers corre-
spond with evaporations of EU, EL, and ED, respectively; the
water stored in each respective layer is WU, WL, and WD; and
the maximum soil storage capacity in each respective layer is
WUM, WLM, and WDM. Only when the layer above it runs out
of water does evaporation from a layer occur. The total
evaporation E equals the sum of EU, EL, and ED.2.2. Runoff generationThe saturation excess mechanism was employed to model
runoff generation and partitioning. In the original Xinanjiang
model, the spatially uneven distribution of WM is depicted by
a power function:
Fig. 1. Comparison of curve fitting of three parametric probability
distributions to empirical statistical distribution of topographic index
for Yaogu Basin.
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where WMmax is the maximum watershed soil storage capac-
ity, f/F is the fraction of the basin with a soil storage capacity
less than WM, and B is the exponent.
The power function provides an analytical solution of
runoff generation but lacks definite physical interpretation.
Yao et al. (2009) utilized the soil texture and the land cover
attributes to assign the WM value in each grid, and assumed it
was spatially uniform within the grid cell.WM is dependent on
the catchment topography, soil, and land cover types. For the
measurement of soil properties, the conventional in situ
measurements only provide finite point data. Remote sensing
can describe the topography, surface soil, or vegetation prop-
erties of large areas, but it is characterized by a limited reso-
lution. Therefore, these types of data are usually not accurate
enough to provide the heterogeneity information at a small
scale. To address this problem, two methods are commonly
used. One method is interpolation on the spatial domain, for
example by using Kriging, moving polynomials, and spline
interpolation. Another method is to correlate the quantity of
interest to an auxiliary variable whose spatial distribution can
more readily be measured. The spatial distribution of the
quantity is then inferred from the spatial distribution of the
covariate (Bl€oschl and Sivapalan, 1995). In many previous
studies, researchers have attempted to establish a relationship
between the spatial and temporal distribution of soil properties
and terrain indices, such as slope, wetness index, soil texture,
and vegetation characteristics (Western et al., 1999; Schmidt
and Hewitt, 2004; Wilson et al., 2005; Cole and Moore,
2009). The relationship between TI and WM suggested by
Sivapalan et al. (1997) is employed to determine the distri-
bution of WM within the catchment. Although the influence of
soil properties on the runoff generation is neglected in this
simplified relationship, it has an advantage that WM can be
expressed by TI, which can be more easily obtained at high
resolution. A larger TI in a local area means less soil moisture
deficit or easier runoff generation in response to rainfall input.
On the contrary, a larger WM means a larger soil storage ca-
pacity in a local area, making runoff generation more difficult
(Chen et al., 2007). Through the transformation, the normal-
ized WM can be expressed by an index of relative difficulty of
runoff generation (IRDG), calculated by
IRDG¼ maxTI TI
maxTIminTI ð2Þ
IRDG is transformed into WM by a linear transformation
relationship:
WM ¼ aIRDGþ b ð3Þ
where a and b are model parameters that quantify the WM
value of a basin.
In the GXAJ model, the runoff only occurs when the soil
moisture reaches saturation for each grid cell. Once soil rea-
ches saturation, the runoff equals the rainfall excess withoutfurther loss. However, the high-frequency information will be
smoothened as the uniform grid acts as a filter. Particularly for
WM, due to the relatively short spatial correlation structure,
the spatial distribution of WM is more easily affected by the
smoothing effect (Western et al., 2004; Famiglietti et al.,
2008). As a consequence, simulation of catchment hydrolog-
ical response relies on the selection of grid resolution. For the
scale-invariant hydrological response, it is necessary to take
into account the subgrid variability of WM in the GXAJ
model. Previous studies have recommended gamma, beta, or
lognormal distributions to represent the soil characteristics
(Kosugi, 1996; Ryu and Famiglietti, 2005). Therefore, we
tested these three probability distribution functions to down-
scale the uniform soil storage capacity. As shown in Fig. 1, the
three curves of probability density functions (PDFs) can all fit
well with the empirical statistical distribution of TI for the
Yaogu Basin without any significant difference. The incom-
plete beta distribution, a generalization of the beta distribution,
has the highest correlation coefficient among them, reaching
0.98. Besides that, as a bounded distribution, the beta distri-
bution is more appropriate to describing the distribution of the
normalized topographic index in a bounded domain. Although
this statistical distribution ofWM only represents the inter-grid
variability, and the intra-grid variability is replaced by a mean
value, it is reasonable to suppose that the statistical charac-
teristics within the grid should follow the same distribution
pattern as the inter-grid variability. Thus, the probability
density function of the normalized topographic index within
the grid can be written as
f
cTI¼ Gðaþ bÞ
GðaÞGðbÞ
cTIa11cTIb1 ð4Þ
where cTI is the normalized topographic index, Gð$Þ is the
gamma function, and a and b are two shape parameters.
As a function of TI, the distribution of WM within the grid
can also be derived numerically. The parameters of the
incomplete beta distribution can be estimated by the mean and
variance values of WM within the grid. We can obtain the
mean value of WM of a grid cell using Eqs. (2) and (3). The
variance indicates the fluctuation in WM within the grid cell,
100 Wei-jian Guo et al. / Water Science and Engineering 2016, 9(2): 97e105which can be derived by calibration against measured data. As
shown in Fig. 2, due to the antecedent soil moisture, part of the
soil within the grid cell already reaches saturation. Influenced
by the uneven distribution of WM within the grid, part of the
net rainfall, Pe, is partitioned into the runoff R and the other
part is stored in the soil DW. Therefore, we can estimate how
much of the net rainfall Pe is partitioned into runoff R by
integration. The runoff R generated within the grid cell can be
expressed as
R¼
ðW0þPe
W0
PeIWMdWM ð5Þ
whereW0 is the actual soil moisture, and IWM is the cumulative
density function (CDF) of WM.
Depending on the free water capacity, the runoff is sub-
divided into three components, including surface runoff,
interflow, and groundwater runoff.2.3. Flow routingFor the daily simulation, the surface runoff is routed
directly to the channel as the fast component. The interflow
and groundwater runoff represent the slow component that is
routed to the outlet of the corresponding subcatchment by two
linear reservoirs with different lag times. The subcatchments
are connected by the channel network. The outflow of each
subcatchment is routed to the watershed outlet by the multiple-
reach Muskingum method. More details are available in Yao
et al. (2009).
3. Field description and data
The Yaogu Basin, with a drainage area of about 1776 km2,
was used to test the proposed distributed rainfall-runoff
GXAJSV model. The Yaogu Basin is a sub-basin of the
Xijiang Basin, located in southwestern China, and accounts for
70% of the area of the entire Xijiang Basin. The mainstream of
the Xinxingjiang River originates in the Zhushan Mountain
and flows into the Xijiang River at the Yaogu StationFig. 2. Schematic representation of runoff generation within a grid.(26140N, 109370E). It is 60.6 km in length, with a mean
slope of 0.95% and an average annual water level and
discharge of 12.33 m and 53.7 m3/s, respectively. The catch-
ment is characterized by a humid climate with an average
annual precipitation of about 1300e1700 mm.
The river network was extracted from the digital elevation
model (DEM) provided by the U.S. Geological Survey
(USGS) with a resolution of 90 m. The elevation of the
catchment ranges from 11 to 1222 m. The DEM was then
resampled to resolutions of 200 m, 500 m, and 1000 m for the
analysis of the effect of subgrid variability. By comparing to
the actual river network, the river flow path was defined by a
threshold of flow accumulation. We used the DEM to derive
the slope, flow direction, flow length, and so on at different
subgrid scales. The precipitation is monitored at nine rain
gauging stations, including the Yaogu, Xinxing, Zhangtian,
Gongcheng, Nansheng, Niancun, Chayuan, Lidong, and
Tiantang stations (as shown in Fig. 3). The precipitation was
interpolated onto the model grid using the inverse distance
squared method. The discharge gauging station is situated at
Yaogu and records hourly discharge data. All the meteoro-
logical and hydrological data are available from 1999 to 2003
at the Yaogu Basin.
4. Results and discussion4.1. Model calibration and validationThe calibration and validation of the model were performed
using the hydrological data available from 1999 to 2003.
Three flood events during this period were selected for anal-
ysis. Information for the three events is summarized in
Table 1. To eliminate the influence of the initial condition, a
run-in period of one month was used.
All the model parameters were calibrated based on the
DEM with a resolution of 200 m. The results show a good
correspondence between the simulated discharge and theFig. 3. Location of gauging stations in study area.
Table 1
Information of three flood events.
Flood
event no.
Duration of flood Precipitation
(mm)
Peak discharge
(m3/s)
NSE RB
1 Aug. 21e26, 1999 76 318 0.88 0.02
2 May 9e15, 2000 36 145 0.91 0.01
3 July 1e6, 2001 80 632 0.94 0.00
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events, the Nash-Sutcliffe model efficiency (NSE ) values of
the flow hydrograph are all higher than 0.88. Also, the relative
bias values at the flood peak (RB) are basically less than 0.02.4.2. Influence of uniform grid on soil storage capacity
curve and dischargeWithin the saturation excess mechanism, WM is a key
factor controlling the runoff generation. In order to test the
influence of the resolution of the DEM on the spatial pattern of
the soil storage capacity curve and its corresponding hydro-
logical response, the DEMs with resolutions of 200 m, 500 m,
and 1000 m were derived by resampling the DEM with a
resolution of 90 m. All tests were based on the original GXAJ
model, in which the parameters and variables are considered
uniform. Since the Xinanjiang model was developed, the
realistic distribution of WM has not been strictly verified.
Traditionally, WM is supposed to be correlated to the soil
characteristics and the topography. In addition, the higher the
data resolution, the more accurate the description of the spatial
variability will be. Therefore, we adopted the spatial distri-
bution of WM obtained using the DEM with a resolution of
90 m as the true value in this study. For comparison, the same
parameters were chosen to transform TI into WM using
Eqs. (2) and (3). Fig. 4 shows the CDF of WM obtained at four
DEM resolutions. A distinct shift in the mean value ofWM can
be observed as the grid size becomes finer. The mean value for
the 1000-m grid size is approximately 73 mm, while it in-
creases to 87 mm for the 90-m grid size. The total soil storage
capacity of the catchment drops over 16% when the grid size
increases from 90 m to 1000 m.
The correlation coefficient of WM derived from different
DEM resolutions was adopted to further evaluate the effect of
grid scale on WM. Considering the WM value obtained usingFig. 4. Distribution of soil storage capacity derived from different
DEM scales.the DEM with the highest resolution (90 m) as the true value,
we estimated the correlation coefficient of WM when the
original DEM was aggregated into DEMs with resolutions of
180 m, 270 m,…, 900 m. Fig. 5 shows the average correlation
coefficient r between the true value and WM values obtained
using DEMs at different grid scales. It is clear that the value
has significantly deviated from the true value when the scale is
aggregated in space, especially at the 900-m resolution, when
r falls below 0.5. It is evident that the distribution pattern of
WM is sensitive to the spatial sampling resolution.
From the analysis described above, we can see the
significant differences in the spatial distribution of WM
resulting from the subgrid variability. The original GXAJ
model was used to explore the scale effect on the hydrological
response. As shown in Fig. 6, for all the three flood events, the
larger grid scale generally produces a larger peak discharge. In
flood event 1, the peak discharge for the DEM with a reso-
lution of 1000 m is 45% higher than for the DEM with a
resolution of 200 m. The same situation also occurs in flood
events 2 and 3. The respective peak discharges of flood events
2 and 3 for the DEM with a resolution of 1000 m are 93% and
23% higher than they were for the DEM with a resolution of
200 m. It is noteworthy that the simulated discharges for flood
event 3 are highly coincident with one another at different grid
scales, though a similar tendency still exists. This is because of
the high-intensity precipitation of this event together with the
wet antecedent soil moisture causing the soil moisture to reach
saturation in a short period of time. Because of the saturation
excess mechanism employed in the runoff generation, once the
basin reaches saturation, all the precipitation will be converted
into runoff without loss. Hence, the scale effect on runoff
generation will gradually be eliminated. It is evident that the
simulated discharge is sensitive to the spatial variability of the
subgrid scale, especially for a small flood event. Compared
with the low-resolution DEM, the high-resolution DEM
actually enlarges the uneven distribution of WM, which leads
to less runoff being generated and more water being stored in
the soil. Therefore, for the same flood event, a larger model
grid scale produces a higher flood peak discharge and a larger
total flood volume. It can be concluded that the performance
of the original GXAJ model is scale-dependent. This results
from the differences of spatial variability at different scales.
We usually think that higher resolutions produce better results.
However, the selection of scale is limited by the efficiency ofFig. 5. Average correlation coefficient r of soil storage capacity be-
tween DEMs of original scale and other scales.
Fig. 6. Comparison of scale effect on hydrological response of GXAJ
model for three flood events.
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not always feasible to run the model at a high resolution.4.3. Analysis for GXAJSV model with integration of
subgrid variabilityFig. 7. Comparison of soil storage capacity curves from DEMs at
different scales with uniform grid and subgrid variability.Based on the concept of an effective model parameter, the
model can be used at different scales by calibrating the
effective model parameters against the measured data, with no
need to change the model structure. However, this will result
in scale dependence of the model parameters, which may
cause inconvenience for model application to ungauged ba-
sins. Therefore, the aim of the proposed GXAJSV model is to
eliminate the scale effect on the hydrological response. On the
basis of the GXAJ model, we incorporated the subgrid vari-
ability of WM. The incomplete beta distribution was adopted
to replace the original uniform grid at the subgrid scale and TI
was used as the auxiliary variable to be correlated with WM.
To evaluate the performance of the GXAJSV model, com-
parisons were made with the GXAJ model. All the parametersof the GXAJSV model were kept consistent with the GXAJ
model at different scales.
We first examined the effects on the spatial pattern of the
curve of WM. Fig. 7 shows the comparisons of CDFs derived
directly from the DEMs with resolutions of 200 m, 500 m, and
1000 m and the one incorporating the subgrid variability of
WM. The DEM with a resolution of 90 m was still used as the
true value to assess the performance of the subgrid parame-
terization method.
As shown in Fig. 7, the proposed method successfully
downscales WM. Compared to the curve of WM with the hy-
pothesis of a uniform grid, the curves incorporating the vari-
ability with the incomplete beta distribution of WM at a
subgrid scale fit better to the one from the 90-m scale. The
mean value of WM shows a distinct shift when the subgrid
variability is taken into account. The variance of WM in one
grid increases with the grid size and, therefore, the difference
between two curves obtained by consideration and without
consideration of the subgrid variability is greater for a coarser
DEM than for a finer one.
Previous studies have demonstrated that the simulated
discharge is sensitive to the DEM resolution. We expect that
the incorporation of the subgrid variability can provide a scale-
Table 2
Comparison of model performance of GXAJ and GXAJSV models at different DEM resolutions.
Flood event no. NSE RB
GXAJ GXAJSV GXAJ GXAJSV
200 m 500 m 1000 m 200 m 500 m 1000 m 200 m 500 m 1000 m 200 m 500 m 1000 m
1 0.94 0.84 0.67 0.94 0.90 0.89 0.04 0.21 0.38 0.01 0.03 0.04
2 0.91 0.85 0.72 0.93 0.91 0.92 0.03 0.35 1.07 0.01 0.03 0.03
3 0.87 0.83 0.78 0.90 0.89 0.87 0.02 0.07 0.23 0.02 0.02 0.04
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formance of the GXAJ and GXAJSV models in the three flood
events. The model efficiency of flow hydrograph and relative
bias of peak discharge were used as two criteria to evaluate the
model performance.
Compared to the GXAJ model, the performance of the
GXAJSV model at all the scales is much better. In the simu-
lation of flood event 1, the model efficiency values for the
GXAJ model are 0.94, 0.84, and 0.67 for the DEMs with
resolutions of 200 m, 500 m, and 1000 m, respectively.
Meanwhile, for the GXAJSV model, the corresponding model
efficiency values reach 0.94, 0.90, and 0.89. A similar trend
can also be found in the other two flood events. For the relative
bias of the flood peak, the average bias values of the GXAJ
model for the three scales are 0.03, 0.21, and 0.56 for the three
flood events. However, they decrease to 0.01, 0.03, and 0.04
for the GXAJSV model. From the comparisons described
above, it is evident that incorporation of the subgrid variability
of WM in the GXAJSV model can effectively eliminate the
scale dependence of the hydrological response. Since the
subgrid variability is taken into account, the spatial variability
of the watershed at different scales can generally remain
consistent.
To further investigate the performance of the GXAJ and
GXAJSV models for the long-term simulation, we examined
the water balance of the Yaogu Basin in 1999 at a daily time
step. The initial soil moisture was considered dry (with a
relative soil content q of 0.2). The simulated annual runoff
values for the GXAJ model are 546 mm, 550 mm, and 552 mm
at DEM resolutions of 200 m, 500 m, and 1000 m,Fig. 8. Difference in runoff generation between Grespectively. As in a single flood event, the runoff for annual
simulation increases with grid scale. Meanwhile, for the
GXAJSV model, the total runoffs are 545 mm, 545 mm, and
546 mm, respectively. It is obvious that the bias in simulated
runoff at different scales significantly decreases when the
subgrid variability of WM is incorporated.
Fig. 8 depicts the spatial distribution of the difference in the
long-term runoff obtained by the two models at different
scales. It is noted that a significant difference in runoff gen-
eration mainly occurs in hillslope areas. The patterns are
similar at all scales. This is because the riparian areas are
always associated with relatively low values of WM, which
easily reaches saturation. As mentioned above, once the soil
reaches saturation, the scale effect on runoff generation will no
longer exist. Meanwhile, for the hillslope areas that have
larger WM values, no runoff will be generated when the total
net rainfall is less than WM in the GXAJ model. For the
GXAJSV model, due to the uneven distribution of WM within
the grid cell, the runoff may already be generated before the
soil in the grid cell fully reaches saturation. Thus, for areas
that have largeWM values, a difference in the long-term runoff
will gradually appear.
5. Conclusions
In this study, we used the GXAJ model as an example to
investigate the sensitivity of a distributed hydrological model
to scale. Analysis of the Yaogu Basin shows that the peak
discharge and flood volume vary with the DEM resolution.
Both the peak discharge and flood volume are overestimatedXAJ and GXAJSV models at different scales.
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performance is scale-dependent, with the difference across
scales also depending on antecedent soil conditions and
rainfall intensity. Because of the saturation excess mecha-
nism employed by the GXAJ model, once the soil reaches
saturation, the scale effect on runoff generation will gradu-
ally be eliminated.
To achieve a scale-invariant hydrological response, this
paper proposed an improved version, the GXAJSV model, that
incorporates the subgrid variability of the soil storage capacity
WM. The differences between the GXAJ and GXAJSV models
are attributed to two treatments: (1) in the GXAJSV model, the
derivation of WM is based on the topographic index TI, rather
than soil or vegetation data, and the relationship between TI
and WM is constructed to obtain information about soil
properties, because the high-resolution TI is much easier to
obtain directly from DEM data; and (2) the incomplete beta
distribution is used to describe the subgrid variability of WM.
The analysis shows that the incomplete beta distribution pro-
vides a best fit for the inter-grid spatial pattern of WM.
Furthermore, we assumed that the inter-grid and intra-grid
variability would follow the same probability distribution for
a certain variable. Therefore, the incomplete beta distribution
was adopted to replace the uniform distribution of WM at the
subgrid scale.
The performance of the GXAJSV model was compared
with the original GXAJ model for three flood events and the
annual water balance. The results show that the proposed
method successfully downscales WM at different scales. The
soil storage capacity curves from the coarser DEMs (with
resolutions of 200 m, 500 m, and 1000 m) can fit better to that
from the original DEM (with a resolution of 90 m) when the
subgrid variability is incorporated. Moreover, the GXAJSV
model can also effectively eliminate the difference in the
model performance at different scales. Analysis of the scale
effect on flow routing is a subject for further research.
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